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Introduction
When an individual becomes unemployed, it likely also affects their spouse in various ways. For instance, unemployment decreases income (Jacobson et al. 1993; Eliason and Storrie 2006; Hijzen et al. 2010 ) and can result in social isolation (Kunze and Suppa 2017a) , poorer mental health (Marcus 2013; Schaller and Stevens 2015) , decreased life satisfaction (Kassenboehmer and Haisken-DeNew 2009) , and changed health behaviors (Gallo et al. 2001; Deb et al. 2011; Marcus 2014; Golden and Perreira 2015) -all of which may affect their spouse.
However, surprisingly little is known about how spouses are affected by unemployment. Some evidence suggests that spousal life satisfaction decreases (Winkelmann and Winkelmann 1995; Luhmann et al. 2014) , divorce rates increase (Charles and Stephens 2004) , spousal labor force participation rates increase (Stephens 2002) , and spousal social activities decrease (Kunze and Suppa 2017b) . Further, spousal mental health decreases (Clark 2003; Marcus 2013; Mendolia 2014; Bubonya et al. 2017) . However, to our knowledge, no study examines the spousal spillover effects of unemployment on risky health behaviors, in general, and cigarette smoking, in particular, one of the leading causes of preventable deaths (World Health Organization 2012) .
This study examines the causal effect of unemployment on spousal smoking behavior. For this purpose, we focus on arguably exogenous entries into unemployment (including plant closures and lay-offs), combining difference-in-differences (DiD) estimation with a matching strategy based on entropy balancing. For selecting control variables, we complement our econometric approach with the post-double-selection method, a machine learning tool based on Lasso regressions (Belloni et al. 2014a; 2014b) . This data-informed technique allows us to also consider interactions and higher order polynomials of the control variables.
Using rich German Socio-Economic Panel (SOEP) data, we look at married and unmarried cohabiting couples approximately one year after the job loss. Similar to own unemployment, spousal unemployment increases the probability and intensity of smoking, both increasing the daily number of cigarettes smoked by 8 percent. Further, the probability of smoking increases 2-4 percentage points with either own or spousal unemployment. These estimates translate into an increase in the smoking prevalence of approximately 7-11 percent. The effects of spousal unemployment are generally slightly smaller than that of own unemployment. While smoking increases among both men and women when they enter unemployment themselves, the spousal spillover effects are driven by male unemployment. The smoking effects of own and spousal unemployment are mostly driven by individuals whose partner smoked prior to unemployment. The results further highlight that increased smoking initiation is mainly driven by smoking relapses among former smokers.
Our study contributes to two branches of health economics literature, namely that of intrahousehold spillover effects of major life events and that on unemployment consequences. The former literature shows that specific events in the life of one individual also impact their spouse. 1 Other studies examine spillover effects on children (e.g., Lindo 2011; Black et al. 2016 ).
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Most prominently, an individual's death strongly affects spousal health as it increases the risk of depression (Lindeboom et al. 2002; Siflinger 2017) , leads to longer hospital stays (Tseng et al. 2018) , and decreases life expectancy (van den Berg et al. 2011) . Other studies investigate the health consequences of spousal retirement (Bertoni and Brunello 2017; Müller and Shaikh 2018) .
Several studies document that job loss and unemployment decrease spousal mental health (Clark 2003; Marcus 2013; Mendolia 2014; Bubonya et al. 2017) and that the fear of unemployment also reduces spousal mental health (Bünnings et al. 2017) . All these studies highlight the importance of understanding spillover effects to understand the full health consequences of specific life events is highlighted. We contribute to this literature by analyzing the spillover effects of unemployment on spousal smoking behavior, which has not been investigated previously.
Evidence on the health consequences of own unemployment is mixed.
2 While some studies find no evidence of job loss impacting various health measures (Browning et al. 2006; Böckerman and Ilmakunnas 2009; Salm 2009; Schmitz 2011) , others find that job loss increases hospitalizations and mortality (Eliason and Storrie 2009a; Eliason and Storrie 2009b; Sullivan and von Wachter 2009; Browning and Heinesen 2012) , negatively affects self-reported health measures (Brand et al. 2008; Strully 2009; Marcus 2013; Schröder 2013; Schaller and Stevens 2015; Schiele and Schmitz 2016) , and blood-based biomarkers (Michaud et al. 2016) . Concerning risky health behaviors, evidence for the effects of own job loss on weight gain is also mixed (Deb et al. 2011; Jónsdóttir andÁsgeirsdóttir 2014; Marcus 2014) . Alcohol consumption increases for specific subgroups following job loss (Gallo et al. 2001; Deb et al. 2011) . However, several studies suggest that own job loss increases the probability and intensity of smoking (Falba et al. 2005; Marcus 2014; Black et al. 2015; Golden and Perreira 2015) . We complement these studies by examining whether spousal smoking behavior is also affected.
While there are at least five reasons suggesting that smoking behavior might change due to spousal unemployment, the direction of the effect is theoretically ambiguous. First, smoking is often seen as a way to reduce stress (Kassel et al. 2003; Golden and Perreira 2015) and previous studies highlight that job loss and unemployment induce stress. Likewise, unemployment might also increase spousal stress levels, thereby increasing their smoking. Second, there might be an income effect, meaning that unemployment reduces household income available for purchasing cigarettes.
This might decrease smoking rates of both spouses following one spouse's unemployment. Third, there might be a constraint effect (Manski 2000) , meaning that increased smoking of one spouse effectively tightens the household budget constraint, which might lead to the other spouse smoking less. Fourth, there is evidence that changes in smoking behavior are positively related within couples (Falba and Sindelar 2008; Fletcher and Marksteiner 2017) . This mechanism predicts an increase in smoking due to spousal unemployment if own unemployment increases smoking. Fifth, unemployment might increase the time available for smoking or to invest in health (such as antiaddiction courses). This mechanism predicts an ambiguous effect for own unemployment and is less relevant for spousal unemployment. In summary, there might either be a positive, a negative, or no spousal spillover effect at all, depending on which mechanism dominates. Furthermore, the effects of own and spousal unemployment on smoking behavior are likely partially interdependent.
In the end, it is an empirical question.
The paper is structured as follows. Section 2 introduces the data. Section 3 outlines the empirical strategy, while Section 4 presents the results. Finally, Section 5 concludes.
Data
We use data from the German Socio-Economic Panel (SOEP, version 33), which currently surveys approximately 30,000 individuals in around 11,000 households every year (Goebel et al. 2018) . The SOEP has several advantages for our study. First, its panel structure allows for observing smoking behavior before and after the treatment. Second, all adult household members are surveyed individually and can be linked, thus enabling us to follow both spouses over time, even following household dissolutions. Third, unlike register data, SOEP contains individual information on current smoking status and smoking intensity. Fourth, for the construction of control variables, we can rely on a large set of labor market, health, and socio-economic information at the individual and household levels.
Outcome variables
Questions concerning whether an individual currently smokes and the number of cigarettes smoked per day are asked every two years since 2002. We therefore mainly use data collected in the eight even years between 2002 and 2016. Our outcome variables are the changes in the spousal spouses' smoking status and intensity between two survey waves containing smoking information. We measure the smoking intensity by the log number of cigarettes smoked per day. 
Treatment indicator
We construct the binary treatment indicator at the couple level. The treatment group consists of couples in which one spouse enters unemployment due to involuntary job loss between two survey waves with the smoking questions. 4 We refer to this spouse as the directly affected spouse and to the other as the indirectly affected spouse. The control group consists of couples in which the (potentially) directly affected spouse is continuously employed between two relevant survey waves.
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3 We construct the log transformation as ln(cigarettes+1) to avoid undefined values for non-smokers and quitters. In the robustness section, we also consider changes in the number of cigarettes (in levels) as outcome. 4 The Online Appendix outlines the institutional background, i.e. the German unemployment insurance system.
In our main specification, we consider unemployment due to plant closures, redundancies, and layoffs. In an alternative specification, we consider only unemployment resulting from plant closures, which has the advantage that plant closures are usually not the result of individual behavior, while it is sometimes argued that layoffs are potentially endogenous. However, looking only at plant closures is not our preferred specification for several reasons. First, individuals who enter unemployment due to plant closure might be a selective group as they did not leave the company earlier. Browning and Heinesen (2012) 
Sample selection
We restrict our sample to married and unmarried heterosexual couples in which the (potentially) directly affected spouse is working full-time or part-time in the private sector and is between 18
and 60 years old pre-treatment. Couples are generally included in the sample regardless of the indirectly affected spouse's working status and age. We only exclude couples in which both spouses involuntarily enter unemployment in the same period. 7 We consider couples living together in the same household at baseline, i.e., in the last pre-treatment wave containing smoking information.
However, we do not impose the restriction that couples must live together following treatment. We drop couples with missing values in the treatment indicator or the smoking measures in the two even years before and the first even year after unemployment. The final pooled sample consists of 15,507 couples: 283 couples in the treatment group and 15,224 couples in the control group.
Empirical strategy
To estimate causal treatment effects given non-random assignment of unemployment, we follow a standard approach and rely on the conditional independence assumption (CIA, Rosenbaum and Rubin 1983) :
where Y (1) and Y (0) denote potential outcome values, D is the treatment, and C is a set of control variables. However, we face the typical challenge of not knowing the correct set of control variables. On the one hand, if relevant control variables are omitted from C, the estimated effects of the treatment D are biased. On the other hand, overcautiously selecting unnecessary variables may lead to variance inflation.
Our empirical strategy employs post-double selection, a supervised machine learning method that helps to choose variables relevant for the identification assumption. It also helps to avoid imposing strong functional form assumptions or selecting unnecessary control variables. Moreover, to increase the plausibility of the CIA, our empirical strategy focuses on arguably exogenous entries into unemployment and combines difference-in-differences (DiD) estimation with entropy balancing, a matching strategy that balances pre-treatment covariates more effectively than common propensity score methods. The matching procedure addresses bias due to selection-on-observables, while the DiD approach rules out selection on time-invariant unobservables that might affect both treatment and outcome (e.g., time-invariant unobserved personality traits).
We proceed in five steps:
1. Choose the pool of potential control variables based on previous studies, including a set of interaction terms and higher order polynomials of these variables.
2. From this pool of potential control variables, select variables predicting treatment status (via Lasso regression), C D .
3. Apply entropy balancing based on C D ("matching step").
4. Select variables from the pool of potential control variables that predict the outcome variables via Lasso regression. This step is performed separately for our four outcome variables (smoking status and intensity of both spouses), C Y k , k = 1, ..., 4.
5. Estimate the effect of unemployment on the smoking behavior of couples ("regression analysis step"), based on weights from the matching step and the union of control variables selected in the steps 2 and 4, as
The following describes each step in more detail.
The pool of potential control variables
Given the vast range of topics covered by the SOEP, we are able to include almost all variables from related studies (see Table A .1 in the appendix). 8 The control variables originate from the baseline wave. We also include the smoking variables from the last two pre-treatment periods, thus capturing unobserved, time-invariant differences between the treatment and control groups.
The final pool of potential control variables additionally includes a set of interaction terms, logarithmic transformations, as well as second and third order polynomials of these control variables.
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This relaxes functional form assumptions regarding the relationship between the control variables with treatment and outcomes. Altogether, the pool of potential control variables encompasses 4,188 variables.
Selection of variables that predict treatment status
To select control variables, we use Belloni et al.'s (2014a; 2014b) post-double-selection method based on Lasso regressions (hereafter, "double-Lasso").
The Lasso estimator is expressed as:
where d i is the treatment indicator. v i denotes the vector of potential control variables (from step 1), p the number of potential control variables, and n the sample size. λ is the penalty factor. denotes the vector of coefficients solving equation (2) and is chosen to minimize the sum of squared residuals as well as a penalty term considering the sum of the absolute values of the coefficients.
Lasso is particularly well-suited for control variable selection due to its kink at zero, meaning that many of the coefficients of the vectorβ L are set to zero. This step chooses all variables relevant for the treatment from the pool of potential control variables, i.e. all variables with nonzero estimated coefficients based on equation (2), C D .
Entropy balancing
To make the treatment and control groups more similar with respect to the variables that predict treatment status, we employ entropy balancing, a multivariate reweighting method that focuses directly on achieving covariate balance (Hainmueller 2012) . Unless explicitly stated otherwise, we compute gender-specific balancing weights, which is similar to exact matching on gender. The entropy balancing scheme assigns a scalar weight to observations in the control group such that the control group's distributions of all selected covariates match the treatment group's covariate Heinesen (2012), Marcus (2013) , Marcus (2014) , Schaller and Stevens (2015) , Schiele and Schmitz (2016) , Bünnings et al. (2017) , and Cygan-Rehm et al. (2017) . 9 Specifically, for each binary variable, we include interactions with all other (binary and continuous) variables, while for each continuous variable, we also include log, squared, and cubic terms.
10 The least absolute shrinkage and selection operator (Lasso) is a regularized regression method originally designed for prediction (Tibshirani 1996) . We use Stata's user-written program "rlasso" (Ahrens et al. 2018) and construct the penalty factor λ using the estimation parameters, as recommended by Belloni et al. (2012) . Specifically, we use λ = 2c √ nΦ −1 (1 − γ/(log(n)2p)), where c = 1.1, γ = 0.1.
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distributions on the first and second moment.
11 This produces a sample in which the means and variances of all C D variables are the same in the treatment and control group. Of all the possible weighting schemes that fulfill these balancing requirements, entropy balancing chooses the one where all weights are non-negative and deviate the least from uniform weights.
Selection of variables that predict the outcomes
This step selects variables from the pool of potential control variables that predict the outcomes.
Based on equation (2), this step performs separate Lasso regressions for each of our four outcome variables (smoking status and intensity of each spouse), C Y k , k = 1, ..., 4. That is, d i now refers to the final outcome variables. Additionally, to increasing the plausibility of the identification assumption, this step increases precision by selecting variables that explain further residual variation in the respective outcome (Hainmueller 2012; Belloni et al. 2014a ). The double-Lasso derives its name from the two separate Lasso regressions (steps 2 and 4).
Regression analysis step
We then regress changes in smoking behavior (Y ) of spouse S on the treatment indicator (D), controlling for C, the set of double-Lasso control variables. The resulting DiD estimation equation is written as:
which is estimated by weighted least squares using the weights from entropy balancing. 12 I denotes fixed effects for states, industry sectors, and years, to address general differences in outcomes and treatment across regions, industry sectors, and time. The final set of control variables C is formed by the union of variables selected in steps 2 and 4, as
That is, we disregard all variables from the pool of potential control variables, for which β j = 0 in equation (2) for all four outcome variables and for the treatment indicator. Apart from the construction of the weights, the estimator for the average treatment effect on the treated (δ) resembles Heckman et al.'s (1997) regression-adjusted semi-parametric DiD matching strategy. ε denotes the error term clustered at the household level.
Our empirical strategy is double robust (Bang and Robins 2005) in the sense that we get 11 We perform entropy balancing using Stata's user-written program "ebalance" (Hainmueller and Xu 2013 ) and applying the default tolerance level.
12 To see that equation (3) constitutes a DiD equation, consider the following DiD-style equation that allows for a differential effect of the pre-determined control variables in the two periods:
where P OST is an indicator variable for the period after the job loss. For the post-and pre-period, respectively, we have
Subtracting the two equations, yields equation (3), with ∆Y = Y P OST − Y P RE .
unbiased estimates if either the set of variables that predicts treatment, C D , is correct or the set of variables that predicts changes in the outcome, C Y k . The two steps of the double-Lasso procedure highlight our strategy's two chances to get it right.
Summary statistics
The double-Lasso procedure selects 37 out of the 4,188 variables. Specifically, 12 variables are selected as predictors of the treatment status and 25 variables as predictors for at least one of the four outcome variables. Table 1 provides summary statistics for these variables. After entropy balancing, the standardized difference in means of all covariates used in our matching strategy (i.e., the C D variables selected in step 2) is below five percent, the criterion for successful matching proposed by Caliendo and Kopeinig (2008) . After entropy balancing, even most covariates that are used only in the treatment effect estimation step and not in the matching step (i.e., the C Y k variables selected in step 4) satisfy this condition. Remaining imbalances are addressed in the regressions step.
Before matching, the treated couples tend to be slightly older, in worse health, and less educated than their control-group counterparts. Treated couples are also more likely to smoke at baseline (38.2 vs. 29.2 percent of directly affected spouses; 32.9 vs. 27.4 percent of indirectly affected spouses).
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Results
Table 2 starts with a simple DiD model that looks at differential changes in the outcomes between treatment and control group without control variables, except the lagged dependent variable from the last pre-treatment observation.
14 The results in column (1) of panel A suggest that when one spouse enters unemployment, the probability of smoking increases by 5.5 percentage points for directly affected spouses and by 2.7 percentage points for indirectly affected spouses, on average.
The effects are very similar in column (2), which considers the conventional control variables in the matching and regression step. Column (3) shows the results for our preferred specification, the double-Lasso regression-adjusted DiD matching estimator. These effects are also very similar:
Unemployment increases the probability of smoking by 4.2 percentage points for directly affected spouses and by 2.5 percentage points for indirectly affected spouses. The displayed p-values show that the two point estimates are not significantly different from one another, suggesting that the effect of unemployment on smoking status is similar for the directly and indirectly affected spouses.
The direct effect is similar for unemployment of males and females (panels B and C). However, 13 Appendix Table A .1 provides the standardized differences based on propensity score weighting (control group weights constructed as 1/(1 − P S(Cc)), where P S(Cc) is the propensity score) for the conventional set of control variables. While propensity score weighting works well in balancing the control variables, entropy balancing generally produces better balancing. Propensity score weighting even increases the standardized difference for some variables.
14 As, our estimations do not include individual fixed effects, Nickell (1981) Bias issues do not apply.
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there is a clear gender difference regarding the spillover effect: Among indirectly affected spouses, the effect is 4.2 percentage points when the male becomes unemployed and precisely zero when the female becomes unemployed. This suggests that men do not change their smoking behavior when their female partner enters unemployment. However, when men enter unemployment, both spouses increase smoking to a similar degree. One explanation might be that, in our sample, the male is typically the main breadwinner, with the unemployment of the main breadwinner causing more stress. We empirically investigate this mechanisms in Section 4.2. A total of 38.2 and 32.9 percent of directly and indirectly affected spouses smoke at baseline, respectively (see Table A .1).
Hence, unemployment increases the prevalence of smoking by 11.0 percent for the directly affected and by 7.6 percent for indirectly affected spouses.
The effects on smoking intensity exhibit a similar pattern (columns 4-6). The results for our preferred specification suggest that unemployment increases the daily number of cigarettes smoked by 8.5 percent for directly affected individuals and by 7.8 percent for indirectly affected spouses (column 6). Again, the spillover effect is driven by male unemployment. In these couples, the increase in spousal smoking intensity is even more pronounced than the increase in own smoking intensity (11.4 vs. 9.4 percent, respectively, although the difference is not statistically significant).
Additionally, the direct effect of female unemployment on own smoking intensity is similar to the overall effect (9.6 percent).
Results in Table 2 highlight that own and spousal unemployment similarly affect individual smoking status and intensity. All three specifications produce similar results with respect to effect direction, size, and statistical significance. Yet, the results suggest that treatment effects are most precisely estimated with our preferred specification relative to the two alternative models.
Treatment effect heterogeneity by baseline smoking status
Next, we examine whether the overall effects mask effect differences between individuals with different smoking histories. We differentiate between never smokers (i.e., individuals who have never smoked), former smokers (i.e., individuals who have smoked before but do not smoke at baseline), and baseline smokers (i.e., individuals who smoke at baseline). These three individual smoking histories combined could lead to nine different groups at the couple level and, hence, rather small subgroups. We therefore first analyze only individual smoking histories (see Table 3 ).
Subsequently, we look at smoking histories at the couple level (see Table 4 ), only differentiating between baseline smokers and baseline non-smokers (grouping never and former smokers together initially, later looking specifically at former smokers).
15 Table 3 , column (1) shows that neither own nor spousal unemployment increases the probability 15 In all columns in Tables 3 and 4 , we show results for a simple, unmatched difference-in-differences model including the lagged dependent variable from the last pre-treatment wave without further regression adjustment. This is the specification from column (1) in Table 2 , which produces rather similar results as our preferred specification. Due to small sample sizes in specific subgroups of Tables 3 and 4, entropy balancing does not always converge. However, using entropy balancing with relaxed balancing constraints (specifically the tolerance level) provides very similar results to the presented DiD results without matching. Results are available upon request.
of smoking initiation or smoking intensity for never smokers. The spousal spillover effects of unemployment on smoking in panel B are significantly negative, but very small and economically not meaningful. 16 The results for former smokers in Column (2) shows that own unemployment increases the probability of smoking relapse and smoking intensity by approximately 10 percentage points and 20 percent, respectively. The effects of spousal unemployment on former smokers presented in panel B are of similar magnitude to our main results in Table 2 , but are too imprecisely estimated to be statistically significant. Column (3), displaying the results for baseline smokers,
shows that spousal unemployment increases the probability of smoking continuation and smoking intensity by approximately 7 percentage points and 17 percent, respectively. Panel B shows the intensive margin effects conditional on smoking at baseline, while our main specification shows the unconditional intensive margin results. The magnitude of own unemployment effects on smoking at the extensive and intensive margin is about 5 percentage points and 10 percent, respectively;
although the latter effect is not statistically significant.
The results presented in Table 3 suggest no increases in smoking initiation among adult never smokers, which is consistent with findings that habit formation predominantly occurs in adolescence (Glynn et al. 1993; Nonnemaker and Farrelly 2011) . Our results emphasize that unemployment triggers smoking relapses among former smokers and decreases smoking cessation among smokers.
Moreover, this pattern of spousal spillover effects is consistent with findings by Müller and Shaikh (2018) and Fletcher and Marksteiner (2017) . Table 4 considers the baseline smoking status of both spouses jointly, that is, at the couple level. Column (1) shows results for couples in which both spouses are non-smokers at baseline and shows that own unemployment significantly increases smoking probability and intensity. Column Moreover, there is evidence that a non-smoking partner mitigates the consequences of unemployment for the indirectly affected spouse: For indirectly affected spouses who smoke at baseline (columns 2 and 4), the effect of spousal unemployment on smoking probability and intensity is clearly smaller if the directly affected spouse is a non-smoker (3.6 vs. 8.2 percentage points and 4.7 vs. 23.7 percent, respectively). Similarly, for indirectly affected spouses who are non-smokers at baseline (columns 1 and 3), the effects of spousal unemployment on smoking are smaller if their directly affected partner is a non-smoker at baseline. Generally, we obtain the largest effects if both spouses smoke at baseline (column 4). Thus, having a non-smoking partner appears to have a protective effect for both directly and indirectly affected individuals.
As combining never and former smokers might mask heterogeneous treatment effects, we further analyze the effect of having a non-smoking partner among couples consisting only of smokers and former smokers at baseline (i.e. excluding never smokers). Despite decreased precision, having a non-smoking partner also seems beneficial for directly and indirectly affected spouses in this specific subsample (columns 4-7).
Mechanisms
This section sheds some more light on which mechanism(s) drive(s) our results (income, constraint, partner's behavior, time, or stress effect). Our findings provide little evidence for an income effect, as it would suggest that cigarette consumption of both spouses decreases due to reduced household income. Similarly, there is no evidence for the constraint effect (one spouse's increased smoking decreases the other spouse's smoking due to household budget constraints), as it would imply that the effects go in opposite directions for own and spousal unemployment. However, our findings are consistent with the partner effect, postulating that changes in smoking behavior are positively related within couples. Furthermore, the time mechanism mainly predicts changes in the smoking behavior for own unemployment, but cannot explain why we find similar smoking changes for own and spousal unemployment. We additionally examine whether unemployment affects leisure time satisfaction in Table 5 . 17 Own unemployment increases satisfaction with leisure time, whereas spousal unemployment has no significant effect. This pattern does not support the time effect as the main mechanism since we find increased smoking due to own and spousal unemployment.
Our results are consistent with the stress effect, which suggests that smoking is a way to reduce stress (Kassel et al. 2003; Golden and Perreira 2015) . Table 5 investigates this mechanism, showing that male unemployment increases financial stress for both spouses, while female unemployment only increases financial stress for the females themselves. 18 This is a noteworthy pattern, as it perfectly matches the pattern for the smoking effects. The last four columns provide additional evidence that financial stress could be an important mechanism. In these specifications, we differentiate couples according to the indirectly affected spouse's employment status at baseline. The comparison of columns (3) and (4) shows that the effects of own unemployment on smoking status are more pronounced when the indirectly affected spouse does not work full-time; i.e. when the directly affected spouse is the main bread-winner. This pattern is similar for smoking intensity (columns 5 and 6), irrespective of the directly affected spouse's gender (see panels B and C).
Spousal unemployment patterns are more mixed. Columns (3) to (6) examine various estimation issues. Given SOEP's two-stage sampling design, column (3) clusters the standard errors at the SOEP's primary sampling unit level (Abadie et al. 2017) , electoral units. Column (4) employs propensity score weighting, column (5) constructs the entropy balancing weights using the control variables selected in step 2 and step 4 of the double-Lasso procedure, and column (6) does not perform exact matching on gender. Following Knabe and Rätzel (2011) , column (7) restricts the sample to couples with directly affected spouses aged between 22 and 55 years at baseline. Column (8) considers the number of cigarettes for constructing the outcome variable (and not its log). Our results are robust regarding all these estimation issues.
Robustness tests
Columns (9) to (11) present results for alternative treatment definitions. When only considering unemployment spells resulting from plant closures (column 9), smoking intensity and the probability of smoking increase for directly and indirectly affected spouses. The results are generally very similar to our main specification concerning direction, size, and statistical significance, although they are less precisely estimated given the smaller sample size. Considering unemployment spells for any reason (including resignation, mutual agreement, and sabbatical), the effects are again similar to our main specification (column 10). Column (11) considers all couples affected by involuntary job loss, irrespective of whether it resulted in unemployment or not. The effects are similar to before, yet slightly smaller, suggesting that job loss with subsequent unemployment is more severe. This specification also addresses concerns that becoming and staying unemployed after job loss might be endogenous.
Conclusion
This is the first study examining the effect of unemployment on spousal smoking behavior. Using
German panel data, we show that one spouse's unemployment increases the smoking probability of both spouses by 2 to 4 percentage points. Moreover, the number of cigarettes smoked per day also increases an average of 8 percent. This reflects an increase in smoking prevalence of approximately 11 and 7 percent among spouses directly and indirectly affected by unemployment, respectively.
While smoking increases among both men and women when they enter unemployment themselves, spillover effects are mainly driven by male unemployment. Individuals both directly and indirectly affected by unemployment are even more likely to smoke and to smoke more cigarettes per day if their partner is a smoker at baseline. The effects are more pronounced among individuals who smoke themselves. Exploring potential mechanisms for the effects, we find that stress is a key driving factor, as unemployment increases stress and smoking is a strategy of coping with stress.
Our results are also consistent with a partner effect, meaning that changes in one spouse's smoking behavior affect the other spouse's smoking behavior.
Our findings highlight that the extent to which own and spousal unemployment affect individuals also depends on the characteristics and behaviors of their spouse. As smoking strongly increases the risks for a wide variety of cancers and cardiovascular diseases, it is important to consider the spillover effects on spouses and intra-household interactions of behaviors in order to determine the full health consequences of unemployment. This is particularly important for studies examining the public health costs of unemployment (e.g., Kuhn et al. 2009 ). The findings of increased smoking initiation and decreased smoking cessation due to own and spousal unemployment likely translate directly into substantial health losses with respect to mortality (Taylor et al. 2002; Doll et al. 2004) and morbidity (Østbye and Taylor 2004; Timmermans et al. 2018 ).
Moreover, the findings emphasize that unemployment triggers smoking relapses. This is especially relevant for policies in countries that have increased smoking cessation rates. Our results further show that unemployed individuals and their spouses are a high-risk group with respect to smoking, particularly if their partner is already a smoker. Policies and interventions aimed at reducing smoking rates might focus on these high-risk groups. Generally, our findings highlight the relevance of intra-household spillover effects of major life events, even with respect to health behaviors. Note: The pre-treatment means of variables for the treatment and control groups are in the first and second columns, respectively. Lagged variables refer to observations from the first pre-treatment period. The means of the reweighted control group using entropy balancing (EB) weights are in the third column. The last two columns comprise the standardized difference in means, a matching quality indicator. The standardized difference in means for each control variable s is defined as SD s = 100 · (s 1 −s 0 )/ 0.5 · (σ 2 s1 + σ 2 s0 ), wheres 1 ands 0 are the means of treated and controls, respectively, and σ (1) and (4) are estimated without control variables other than the lagged dependent variable from the last pretreatment observation. Regressions in columns (2) and (5) are estimated using the conventional control variables (CC), including state, industry, and year fixed effects. Columns (3) and (6) are estimated using the union of control variables identified by the double-Lasso (DL), including state, industry, and year fixed effects. Regressions are weighted by entropy balancing (EB) weights as indicated. p-values indicate whether the effects of own and spousal unemployment are different. * p < 0.1, ** p < 0.05, *** p < 0.01. Note: The table displays the effect of own and spousal unemployment on the smoking behavior of individuals based on smoking history. Standard errors clustered at the household level are in parentheses. All regressions are unweighted and include the lagged dependent variable from the last pre-treatment observation without further regression adjustment. * p < 0.1, ** p < 0.05, *** p < 0.01.
Table 4
Heterogeneous treatment effects by baseline smoking status of both spouses, with and without never smokers.
Pooled sample
Without never smokers Both non-smokers Mixed smoker couples Both smokers Both former smokers Mixed smoker couples Note: The table displays the effect of own and spousal unemployment on smoking behavior according to the smoking history of both spouses. In columns (5) to (7), couples with at least one never smoker are excluded from the analysis. Standard errors clustered at the household level are in parentheses. All regressions are unweighted and include the lagged dependent variable from the last pre-treatment observation without further regression adjustment. p-values indicate whether the effects of own and spousal unemployment are different. (1) and (2) are satisfaction with leisure time and stress measured as financial worries, respectively. All regressions are estimated using a union of control variables identified by the double-Lasso and include state, industry, and year fixed effects. Regressions are weighted by entropy balancing weights. Standard errors clustered at the household level are in parentheses. p-values indicate whether the effects of own and spousal unemployment are different. * p < 0.1, ** p < 0.05, *** p < 0.01. 
(8) Note: The pre-treatment means of the variables for the treatment and control groups are in the first and second columns, respectively. Lagged variables refer to observations from the first pre-treatment period. The means of the reweighted control group using entropy balancing (EB) and propensity score (PS) weights are in the third and fourth columns, respectively. The last three columns comprise the standardized difference in means, a matching quality indicator. The standardized difference in means for each control variable s is defined as SD s = 100 · (s 1 −s 0 )/ 0.5 · (σ 2 s1 + σ 2 s0 ), wheres 1 ands 0 are the means of treated and controls, respectively, and σ 2 s1 and σ 2 s0 are the corresponding variances. 
(8) Note: All regressions are estimated using the double-Lasso specification including entropy balancing (EB) or propensity score (PS) weights as indicated. Entropy balancing weights constructed using all double-Lasso covariates are applied in column (5). Matching is not exact on gender in column (6). The sample restricted to couples with directly affected spouses aged 22-55 years at baseline is in column (7). In column (8), smoking intensity is measured as the number of cigarettes smoked per day. Matching is on the first moment (mean) only in column (9). p-values indicate whether the effects of own and spousal unemployment are different. All regressions include state, industry, and year fixed effects. Standard errors clustered at the household (HH) or primary sampling unit (PSU) level are in parentheses, as indicated. 
(8) Note: All regressions are estimated using the double-Lasso specification including entropy balancing (EB) or propensity score (PS) weights as indicated. Entropy balancing weights constructed using all double-Lasso covariates are applied in column (5). Matching is not exact on gender in column (6). The sample restricted to couples with directly affected spouses aged 22-55 years at baseline is in column (7). In column (8), smoking intensity is measured as the number of cigarettes smoked per day. Matching is on the first moment (mean) only in column (9). p-values indicate whether the effects of own and spousal unemployment are different. All regressions include state, industry, and year fixed effects. Standard errors clustered at the household (HH) or primary sampling unit (PSU) level are in parentheses, as indicated. Germany's rather generous unemployment benefit system consists of two main components, Arbeitslosengeld 1 and Arbeitslosengeld 2.
Arbeitslosengeld 1 mainly covers the transition from employment into involuntary unemployment. Its financial benefits amount to 60 percent of the average net income in the last twelve months and to 67 percent for individuals with children, or the maximum amount defined by the social security ceiling (2,964 Euro per month in 2012, for instance). In general, individuals are entitled to benefits for half the length they have paid contributions or a maximum of one year. In order to be eligible individuals must have paid contributions for at least 12 of the last 24 months.
In recognition of increased difficulties of findings employment in older age, the maximum duration gradually extends to up to two years for individuals aged 58 years and older.
Subsequently to receiving Arbeitslosengeld 1, individuals with ongoing unemployment may transfer to Arbeitslosengeld 2, which aims to secure the individual's subsistence level and can be renewed on a yearly basis.
